Quantitative structural property relations (QSPRs) for boiling points of aliphatic hydrocarbons were derived using a back-propagation neural network and a modified Fuzzy ARTMAP architecture. With the backpropagation model, the selected molecular descriptors were capable of distinguishing between diastereomers. The QSPRs were obtained from four valance molecular connectivity indices ( 1 v , 2 v , 3 v , 4 v ), a second-order Kappa shape index ( 2 κ), dipole moment, and molecular weight. The inclusion of dipole moment proved to be particularly useful for distinguishing between cis and trans isomers. A back-propagation 7-4-1 architecture predicted boiling points for the test, validation, and overall data sets of alkanes with average absolute errors of 0.37% (1.65 K), 0.42% (1.73 K), and 0.37% (1.54 K), respectively. The error for the test and overall data sets decreased to 0.19% (0.81 K) and 0.31% (1.30 K), respectively, using the modified Fuzzy ARTMAP network. A back-propagation alkene model, with a 7-10-1 architecture, yielded predictions with average absolute errors for the test, validation, and overall data sets of 1.96% (6.79 K), 1.83% (6.45 K), and 1.25% (4.42 K), respectively. Fuzzy ARTMAP reduced the errors for the test and overall data sets to 0.19% (0.73 K) and 0.25% (0.95 K), respectively. The back-propagation composite model for aliphatic hydrocarbons, with a 7-9-1 architecture, yielded boiling points with average absolute errors for the test, validation, and overall set of 1.74% (6.09 K), 1.25% (4.68 K), and 1.37% (4.85 K), respectively. The error for the test and overall data sets using the Fuzzy ARTMAP composite model decreased to 0.84% (1.15 K) and 0.35% (1.35 K), respectively. Performance of the QSPRs, developed from a simple set of molecular descriptors, displayed accuracy well within the range of expected experimental errors and of better accuracy than other regression analysis and neural network-based boiling points QSPRs previously reported in the literature.
I. INTRODUCTION
In recent years there has been a growing interest in the application of neural networks in the development of quantitative property structure relations (QSPRs) for the correlation and estimation of physical properties of organic compounds. The premise of QSPRs is that physicochemical properties can be correlated with molecular structural characteristics (geometric and electronic) expressed in terms of appropriate molecular descriptors. 1 Various studies have reported on the use of electronic (i.e., dipole moments, hydrogen bonding parameters), lipophilic (i.e., partition coefficients), and topological (i.e., molecular connectivity indices and other geometric parameters) descriptors as well as other molecular parameters (e.g., molar volume, parachor, and molar refractivity) for correlating structural parameters with physicochemical properties. Examples of some of the more commonly reported topological indices proposed for QSPRs include Randić branching indices, 2 valance molecular connectivity indices, 3, 14 Wiener path numbers, 4 Kappa Shape indices, 5 and the electrotopological state indices. 6 A combination of several topological indices or molecular descriptors is typically required to adequately represent molecular structural information for QSPR applications. 7 QSPRs have been traditionally developed by selecting, a priori, an analytical model (typically linear, polynomial, or log-linear) to quantify the correlation between selected molecular indices and desired physicochemical properties, followed by regression analysis to determine model parameters. [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] Although the above approach has proved useful in many applications, it has a number of limitations. 11, 17, [19] [20] [21] [22] The quantitative relationships between structure and physicochemical properties can be complex and highly nonlinear; thus, determining the optimal analytical form of the QSPR model presents a challenge. Moreover, regression analysis becomes complex and less reliable as the number of descriptors increases. Therefore, mapping the relationship between a set of molecular descriptors and multiple physicochemical properties, using a single composite QSPR model, becomes a formidable task using traditional regression methods.
In recent years, a number of investigators have demonstrated that neural network systems can be an effective tool for developing QSPRs. The major advantage of neural networks lies in the fact that QSPRs can be developed without having to a priori specify the analytical form of a particular correlation model. The neural network approach is especially suitable for mapping complex nonlinear rela-tionships that may exist between model output (i.e., physicochemical properties) and model input (i.e., molecular descriptors). As in regression analysis, building an accurate QSPR requires sufficient and reliable experimental data.
Back-propagation neural networks are commonly used for predicting physicochemical properties. An error-based learning system is used in back-propagation algorithms, where actual predictions are compared with target values, and the errors are used to change adaptive weights to reduce the errors. Since chemical compounds fall into various structural classes, it may also be feasible to use cognitive classifiers, such as the Fuzzy ARTMAP network, for rapid learning of categories which represent structure and properties in a supervised way. Fuzzy ARTMAP networks can also use predictive disconfirmations to supervise learning of categories that fit the statistics of the input-output environment. 23 This class of neural networks uses a match-based learning, in that it actively searches for recognition categories or hypotheses whose prototype (expectations) provides an acceptable match to input data. The learned prototype represents the cluster of input features that the category deems relevant based upon its past experience. When the search discovers a category that provides an acceptable match, the system locks into an attentive resonance, whereby the input patterns refine that adaptive weight of the category based on any new information that it contains. When a suitable match cannot be found, a new category is automatically initiated. The individual recognition categories of Fuzzy ARTMAP have a similar function as hidden units in back-propagation. Every category group (structure/property) is defined inside an independent module ART, 24 linked by an associative memory that records, according to a vigilance parameter, the connections between structure and property. Two modules are utilized, one for structure (module A) and the second for properties (module B). It should be noted that the original Fuzzy ARTMAP architecture requires modification in order to be used as a predictive system. 25, 26 As the literature reveals, a major challenge in neural network/QSPR development has been to establish a reliable and practical set of molecular descriptors. 8, 11, 21, 22 As a consequence, most recent studies have explored the development of QSPRs for commonly available physicochemical parameters (e.g., boiling point, heat capacity, density, refractive index) for selected organic compound classes for which accurate and rich data sets are available. 8, 17, [19] [20] [21] [22] The use of boiling point data to test the applicability of various molecular descriptors has been particularly popular given the availability of data for large sets of organic chemical classes. QSPRs for boiling points have been proposed by a number of investigators based on backpropagation neural networks. 8, 17, [20] [21] [22] For example, Gakh et al. 19 developed a composite neural network/QSPR boiling points model, based on 134 noncyclic alkanes ranging from 6 to 10 carbon atoms. Their model, which included five additional physicochemical properties, was based on six Weiner-type structural graph invariants representing the number of pathways for carbon lengths ranging from three to eight atoms and also included the number of carbon atoms. In a later study, Ivanciuc 8 proposed neural network/QSPR boiling point models based on the MolNet neural network model 27 and two topological descriptors: degree, DEG, 28, 29 which is based on adjacency matrix, and the reciprocal distance sum, RDS. 30, 31 It should be noted that the general application of the above approaches to aliphatic hydrocarbons cannot be reliably established since those earlier models excluded smaller alkanes ranging from 1 to 5 carbon atoms and larger compounds with chain lengths greater than eight carbon atoms. A number of composite models, which also include alkanes, were reported by Egolf et al. 21 and Hall and Story 22 as discussed in the subsequent paragraphs.
A neural network-QSPR, for boiling points of a diverse class of organics, was developed by Egolf et al. 21 using a data set of 298 organic compounds that included about 45 alkanes and 50 alkenes as well as halogens, alcohols, esters, ketones, carboxcyclic acids, and amines. The approach identified the following descriptors: three charged partial surface area structural (CPSA) descriptors, 32 a composite CPSA descriptor, number of oxygens, Wiener number, 4 the summation of all unique paths, or molecular ID index, 33 and charge on carbonyl or cyano carbons. The model, based on 8-3-1 network architecture, predicted boiling points with a mean error of 10.65 K. Although the proposed set of molecular descriptors appeared to distinguish among diastereomers, the use of proprietary techniques and software to derive the required molecular descriptors places a limitation on the general applicability of this derived model.
A unique set of molecular descriptors were applied by Hall and Story 22 for boiling point predictions for the same set of 298 compounds used by Egolf et al. 21 A set of 19 atom-type electrotopological indices were selected to represent the encoding of intrinsic electronic state of atoms, as perturbed by the electronic influence of all other atoms in the molecule, within the context of the topological character of the molecule. The electrotopological indices were effective in representing the general structural characteristics of most compounds in the data set. The model with a 19-5-1 architecture produced a mean absolute error (for 10 runs) of 1.12% (4.57 K) for the test set and an average absolute error of 0.94% (3.93 K) for the combined data set. It should be noted, however, that for diastereomers the indices used in the above model become degenerate and thus fail to differentiate between cis and trans isomers.
In a later study Zhang et al. 20 proposed a neural network/ QSPR for boiling points, based on a narrow class of organics, utilizing a data set of 85 single double bond alkenes, ranging in size from 4 to 20 carbon atoms. The set of molecular descriptors included four topological indices (derived from distance matrices) based on the approach of Wiener. 4 An additional isomer index was included to distinguish between cis and trans isomers, by assigning values of 1, -1, or 0 for a trans isomer, cis isomer, and all other compounds (i.e. not diastereomers), respectively. The above approach, however, is questionable since it does not provide a true quantitative descriptor of the isomeric structure.
The success and popularity of neural networks/QSPR models will depend, in part, on the ease by which the molecular descriptors can be determined by the interested user. Thus, in the present study, our primary goal is to investigate the potential applicability of a simple and easily calculable set of molecular indices that includes a descriptor to distinguish between diastereomers. The molecular descriptors include four valance molecular connectivity indices, 4 a second-order kappa shape index, 5 dipole moment, and molecular weight. As in previous studies, the approach was evaluated for boiling points QSPR for alkanes and alkenes for which accurate experimental data are available. Alkynes, which have not been considered in previous studies, are also included in the present work. The lack of boiling point data for a sizable fraction of the alkyne group makes the development of neural network-QSPR models particularly appealing. Our overall goal is to evaluate QSPR models developed using back-propagation neural network and a modified Fuzzy ARTMAP cognitive system 25, 26 for aliphatic hydrocarbons with a simple set of molecular descriptors.
II. METHODOLOGY
Overview. QSPRs for the normal boiling points of alkanes, alkenes, alkynes, and for the composite group of compounds were derived, using back-propagation and Fuzzy ARTMAP neural networks, following the methodology shown in Figure  1 . The data sets included seven structural descriptors as input parameters and boiling points as a single output parameter. Boiling point data were obtained for 140 alkanes, 144 alkenes, and 43 alkynes composed of both straight and branched chain aliphatic hydrocarbons ranging from one to 10 carbon atoms. [34] [35] [36] Tables 1-3 κ. Molecular connectivity indices of the path type are topological indices that encode structural information into numerical values or indexes. The molecular structure is expressed topologically by a hydrogen-suppressed graph. The carbons (and heteroatoms) are represented as vertexes, and bonds connecting atoms are represented as edges. Briefly, the connectivity indices m v are valance-weighted counts of connected subgraphs. The first-order term 1 v is related to the degree of branching and size of the molecule expressed as the number of non-hydrogen atoms. The second-order term 2 v represents a dissection of the molecular skeleton into "two contiguous bond" fragments. The third-order term 3 v is a weighted count of four atoms (three-bond) fragments representing the potential for rotation around the central bond and is the smallest molecular structure necessary for conformational variability. The 3 v index also reflects the degree of branching at each of the four atoms in the fragment. The fourth-order term 4 v represents path, cluster, path/cluster, and cyclic subgraphs of four edges. Structural information from the 4 v index is useful for compounds with at least five carbon atoms in a chain. To provide for a suitable characterization of the level of branching among isomers, the kappa 2 shape index, 5 2 κ, was included as an additional molecular descriptor. This index quantifies the structure of compounds within an isomeric series in terms of its relative starlikeness and straight chainlikeness shape.
Combination of the four valance molecular connectivity indices and the 2 κ shape index provided the ability to distinguish among constitutional isomers. However, geometric isomers of alkenes, known as diastereomers (i.e., cis and trans stereoisomers), which differ only in the way atoms or groups of atoms are oriented in space, can have different physicochemical properties. It appears that, although the dipole moment for the cis and trans configurations is small, the finite difference in dipole moments is sufficient to differentiate between these two isomers. Therefore, the dipole moment was included as an added molecular descriptor. In addition, to increase the uniqueness of the set of descriptors, molecular weight was included as an added parameter. The molecular connectivity indices were determined from molecular structure using available molecular modeling software 37 and following the approach of Kier and Hall. 14 The 2 κ shape index and dipole moment were determined following Kier 5 and molecular modeling software, respectively. 37 The complete set of descriptors used in the present study are listed in Tables 1-3 .
Data Sets and Neural Network Systems. Boiling points and molecular descriptors were divided into three data sets: training, testing, and validating for use with the back- propagation network models. Separate training, testing, and validation data sets were generated for each of the boiling point models. For the alkane model, the training, testing, and validation data sets numbered 92, 28, and 20 compounds, respectively. For the alkene model, the training set contained 97 compounds with 26 and 21 compounds for testing and validation, respectively. The alkyne data set, which contained only 43 compounds, was deemed too small for developing an independent QSPR. However, a model based on the composite data set of 327 compounds was developed with 228 compounds in the training set and 67 and 32 compounds in the testing and validation sets, respectively. The training set consisted of 97 alkanes, 101 alkenes, and 30 alkynes, the test set included 28 alkanes, 30 alkenes, and 9 alkynes, and the validation set consisted of 15 alkanes, 13 alkenes, and 4 alkynes. Training, testing, and validation sets were selected randomly after normalizing the data from 0 to 1 using the NeuralSim software. 38 Model building proceeded by using a back-propagation neural network with an initial architecture of one input layer, with seven inputs, one hidden layer, and one output layer, with one output. Subsequently, using the optimization capability of NeuralSim, a cascade method of network construction, together with an adaptive gradient learning rule were used to build an initial range of possible architectures. The performance of neural network models generated based on a number of possible architectures was evaluated by testing and validating the models. Of the top performing models, the one with the least number of hidden units was selected for final optimization using the NeuralWorks Professional II/PLUS system. 39 To prevent over fitting, the final model was built using a train/test method. The hyperbolic tangent transfer functions were chosen to correlate weighted inputs and outputs of the hidden layer. To improve the separation among data points, the data sets were rescaled to fall between -1 and +1. The extended-delta-bar-delta rule was used in building the final model with a momentum rate set to 0.4. The above approach was also conducted, for comparison, using back-propagation and cascade correlation codes developed in our laboratories.
To improve results obtained with back-propagation, a neural system based on Fuzzy ARTMAP neural network was implemented to provide a prediction of the boiling point as output, instead of simply classifying data. 25, 26 In developing the Fuzzy ARTMAP models, boiling points and molecular descriptors were divided into two data sets: training and testing. In this case the test set served to validate the resulting model since training is considered acceptable when the number of classes generated is sufficient to explain the data within experimental error. For the alkane model, these two sets contained 112 and 28 compounds, respectively. In the alkene model a number of 116 compounds were selected for training and 26 for testing. Finally 228 compounds were selected for training and 67 for testing in the composite model. The corresponding compounds for each set are respectively reported in Tables 5, 7 , and 3. Molecular descriptors and their corresponding boiling points were preprocessed (normalization and complement coding) prior to its processing by modules ART a and ART b (as input and output vectors) for training. The training process evolved according to the set fuzzy rules of classification of input and output patterns in each ART module until stability of classes was reached. Once the network was trained, the ART b module, i.e., the module that classified boiling points, was disconnected, and predictions were generated for each input vector of descriptors via the associative memory established between ART a and ART b during training.
III. RESULTS AND DISCUSSION
Overall performance of the back-propagation and Fuzzy ARTMAP neural network/QSPR models is summarized in Table 4 . Boiling points of alkanes predicted using backpropagation and Fuzzy ARTMAP neural networks are given in Table 5 . Graphical representations of the performance of the alkane neural network models are shown in Figures 2  and 3 . The optimal back-propagation QSPR model for alkanes, based on a 7-4-1 architecture, predicted boiling points within an accuracy of 99.6% ( 0.4% (based on test set) with a maximum absolute error of 2.51% (10.71 K). The average absolute error when the entire data set is considered was about 0.37% (1.54 K). It is worth noting that the average percent errors in the training, test, and validation sets were about the same. The Fuzzy ARTMAP network predicted boiling points of alkanes within a slightly higher accuracy of 99.7% ( 0.3% for the entire data set, with a maximum absolute error of 0.88% (3.36 K). It is emphasized that experimental error associated with experimental boiling point temperatures is typically about 1%. 36 This is well within the range of the accuracy of the alkane model predictions. Performances of the alkane models were compared to the composite neural network/QSPR models of Ivanciuc 8 and Gakh et al. 19 as shown in Table 6 . The Ivanciuc 8 DEG and RDS descriptor-based models predicted boiling points, for a 25 alkanes test set, with average absolute errors of 0.74% (3.0 K) and 0.42% (1.71 K), respectively. 7 The composite model of Gakh et al. 19 predicted six different physicochemical properties using an architecture consisting of seven inputs, eight hidden units, and six outputs, arranged in three layers. For the same set of 25 alkanes, the Gakh et al. 19 model predicts normal boiling points within an average absolute error of 1.19%.
The present back-propagation (7-4-1) and Fuzzy ART-MAP alkane models predicted boiling points with average absolute errors of 0.40% (1.65 K) and 0.30% (1.3 K), respectively. The back-propagation and Fuzzy ARTMAP alkane models were comparable to or better than the RDS MolNet model of Ivanciuc. 8 When predictions of the present pack-propagation and Fuzzy ARTMAP alkane models were compared to the DEG-MolNet, RDS-MolNet, and Gakh et al.
19 models (Table 6 ), for the same 125 compounds present in both studies, the average absolute errors were found to be 0.38% (1.59 K), 0.31% (1.29 K), 0.65% (2.66 K), 0.43% (1.75 K), and 11.03% (2.63 K), respectively. The above comparison suggests that independent QSPRs for boiling points are clearly more accurate than the composite QSPR for multiple properties. Boiling points of alkenes predicted using back-propagation and Fuzzy ARTMAP neural networks are given in Table 7 . Graphical representation of the performance of the alkene models is shown in Figures 4 and 5 . The back-propagation QSPR model for boiling point of alkenes, with a 7-10-1 architecture, was able to distinguish between cis and trans geometric isomers suggesting that the selected set of molecular descriptors was adequate for alkenes. When all the data were considered, boiling points were predicted with an average absolute error of less than 1.25% (4.4 K) and a maximum absolute error of 7.11% (19.57 K). We note that the standard deviation for the entire data set is 1.13% (3.73 K). A slightly higher average absolute error of 1.83% (6.45 K) and a maximum absolute error of 4.39% (18.18 K) were obtained for the validation data set. The standard deviation for the combined test and validation sets is 1.21% (4.18 K). We note that boiling points predictions were significantly improved using the modified Fuzzy ARTMAP network. Average absolute errors based on the test and entire data sets for the Fuzzy ARTMAP alkene model are 0.19% (0.73 K) and 0.25% (0.95 K), respectively. It should be noted that the Fuzzy ARTMAP network categorizes classes of compounds (including isomers) with boiling points within the experimental error of 1 K for similar values of the molecular descriptors.
Results from the back-propagation alkene model were compared with the study of Zhang et al. 20 who developed a neural network/QSPR boiling point model, based on 85 alkenes, with a reported average absolute error of 2.3% (2 K) and a maximum absolute error of 10% (5.7 K). Clearly, the present back-propagation alkene model, with an average absolute error (for the overall data set) of 1.25% (4.42 K) and the ability to distinguish quantitatively among diastereomers, is acceptable given the errors (up to 1.0% or higher) associated with experimental boiling point measurements. 36 An independent back-propagation/QSPR model was also attempted for alkynes. However, since a small set of only 43 compounds was available, the average absolute error of 1.55% (4.95 K) is higher than for the alkanes and alkene models, although it is lower than the error of 3.35% (8.23 K) for standard group contribution methods. 40 The alkynes were included in the composite back-propagation and Fuzzy ARTMAP/QSPR models developed using the complete aliphatic hydrocarbon data set (Tables 3, 5 , and 7). Predicted boiling points for alkynes from the back-propagation and Fuzzy ARTMAP composite models are depicted in Figures  6 and 7 , and Table 3 , with a summary error analysis provided in Table 4 .
The optimum back-propagation architecture (7-9-1) for the composite model had an average absolute boiling point error of 1.37% (4.85 K) for the entire data set, with a maximum error of 9.75% (20.92 K) and standard deviation of 1.46% (4.45 K). The average absolute error for the training, testing, and validation sets were 1.28% (4.51 K), 1.74% (6.1 K), and 1.25% (4.68 K), respectively; the corresponding standard deviations were 1.41% (4.2 K), 1.74% (5.33 K), and 1.0% (3.68 K), respectively. It is noted that the average and maximum percent absolute errors associated with the 30 alkynes in the training set were 1.79% (6.08 K) and 9.74% (18.33 K), respectively, with a standard deviation of 1.65% (3.69 K). Although errors from alkynes in the training set were relatively higher, the alkynes represented only 13% of the training set. Indeed, the alkynes contributed about 17.7% of the total average absolute error in the training (about 0.8 K). The alkenes represented 44.5% of the data in the training set and contributed about 57.9% of the average absolute error in the training. Alkanes contributed about 24.4% to the absolute average error in the composite model training set.
Overall, the back-propagation composite model did not perform as well as the individual alkane and alkene models. The error in boiling point prediction of alkanes and alkenes was higher with the composite model than with the individual alkane or alkene models. For example, the composite model resulted in an average absolute error of 1.77% (6.16 K) for alkenes compared to the error of 1.25% (4.44 K) from the individual model. The poorer performance of the composite model could be due to the relatively smaller training set for the alkynes and possibly the failure to adequately represent the complexity of the triple bond with the present set of descriptors. Nonetheless, the average absolute error for the alkanes was 0.75% (2.86 K), which is within the acceptable accuracy relative to the typical uncertainty (absolute error of 1.0%) in experimentally reported boiling points.
Improvements in predicting boiling points of the composite set of aliphatic hydrocarbons were made using the Fuzzy ARTMAP network (Tables 3, 5 , and 7). As shown in Table   4 , the average absolute error, standard deviation, and maximum errors from the composite model based on the entire data set reduce to 0.35% (1.35 K), 0.27% (1.15 K), and 0.98% (3.45 K), respectively. The average absolute error for the training and test sets were 0.35% (1.44 K), and 0.84% (1.15 K), respectively. Clearly, the accuracy of the Fuzzy ARTMAP composite model developed in this study is exceptional with an error lower than the 1% error associated with experimental boiling point temperatures. 36 It is worth noting that for the composite data set (alkanes + alkenes + alkynes) the entire set of molecular descriptors influences the classification. For the homogeneous alkanes the resulting classification appears to be dominated by the number of carbon atoms. For example, two compounds with the same molecular weight, e.g., 2-methyl-1-pentane and 2-3-dimethyl-butane, that have similar boiling points (within the specified tolerance) were placed in the same class. The same classification pattern not only was revealed for alkenes but also was influenced by the position of the double bonds. In this latter case, the resulting classification was weighted by nearly 80% of the classification weight attributable to the number of carbon atoms and about 20% to the position of double bonds. Boiling point predictions from the Fuzzy ARTMAP and back-propagation composite models were also compared with the models of Hall and Story 22 and Egolf et al., 21 for 49 hydrocarbons (alkanes and alkenes) common to these studies, revealing average absolute errors of 0.24% (0.85 K), 1.8% (5.6 K), 1.7% (4.9 K), and 2.6% (7.9 K), respectively, and maximum absolute errors of 0.91% (3.4 K), 7.1% (18.8 K), 12% (27.1 K), and 14% (31.5 K), respectively (Table 8 and Figure 8 ). Although the Hall and Story 22 model had a slightly lower average absolute boiling point error than the present back-propagation composite model, it did not differentiate between cis and trans isomers of alkenes (i.e., equal boiling points were predicted for such isomers). In contrast, the present back-propagation models and the model of Egolf et al. 21 were able to distinguish between geometric isomers.
IV. CONCLUSIONS
Back-propagation and Fuzzy ARTMAP QSAR/QSPR models for estimating the boiling points of aliphatic hydrocarbons (alkanes, alkenes, and alkynes) were studied using seven molecular descriptors. The molecular descriptors included the first, second, third, and fourth order valance molecular connectivity indices, a second-order kappa shape index, dipole moment, and molecular weight. The addition of a dipole moment as an input descriptor enabled the backpropagation network to distinguish between cis and trans isomers; however, it had little effect with the Fuzzy ART-MAP models. The Fuzzy ARTMAP and 7-4-1 backpropagation alkane models predicted boiling points with an average absolute error of 0.31% (1.30 K), and 0.4% (1.54 K), respectively. The absolute error for boiling point predictions based on the overall set of alkenes using a Fuzzy ARTMAP and a 7-10-1 back-propagation network architecture was 0.25% (0.95 K) and 1.3% (6 K). A composite back-propagation model for the three aliphatic types using a 7-9-1 architecture had an average absolute error of 0.75% (2.86 K), 1.77% (6.16 K), and 2.04% (6.85 K) for alkanes, alkenes, and alkynes, respectively, and an overall absolute error of 1.37% (4.85 K) for the entire data set. A substantial improvement in the accuracy of boiling point predictions was obtained with the Fuzzy ARTMAP composite model, with overall absolute error and maximum error of 0.35% (1.35 K) and 0.98% (3.45 K), respectively, although differentiation among isomers was inconsistent.
The present study with boiling points of aliphatic hydrocarbons demonstrated that Fuzzy ARTMAP neural networkbased models lead to QSPRs of high accuracy. Recognition of geometric isomers using back-propagation was possible with the addition of dipole moment as a molecular descriptor. For both types of neural network-based QSPRs we utilized a modest set of descriptors which are simple and readily calculable. Current work is underway to expand and test our neural network/QSPR approach for the prediction of multiple physicochemical properties and with an expanded set of chemical descriptors, if necessary, to obtain higher resolution of chemical classification and greater accuracy.
